There is growing interest in genome-wide association analysis using single-nucleotide polymorphisms (SNPs), because traditional linkage studies are not as powerful in identifying genes for common, complex diseases. Tests for linkage disequilibrium have been developed for binary and quantitative traits. However, since many human conditions and diseases are measured in an ordinal scale, methods need to be developed to investigate the association of genes and ordinal traits. Thus, in the current report we propose and derive a score test statistic that identifies genes that are associated with ordinal traits when gametic disequilibrium between a marker and trait loci exists.
Introduction
To identify genes underlying an inheritable disease, it is critical to establish the linkage of the disease locus with a known gene or marker (usually a DNA polymorphism) (Spielman et al. 1993) . While classic linkage analysis has been applied successfully in mapping disease genes for many Mendelian diseases and some complex diseases such as breast cancer (e.g., Hall et al. 1990 ), major challenges, limitations, and failures remain in using classic linkage analysis to map complex diseases. New techniques and methodologies must be developed to address these challenges, limitations, and failures of classic linkage analysis for more accurate identification of gene-disease associations.
Some challenges that have been studied thus far include the population admixture (Spielman et al. 1993 ) and limited and imprecise information in the density of combination (Rabinowitz 1997) .
Using insulin-dependent diabetes mellitus (IDDM) as the disease of interest, Spielman et al. (1993) proposed a transmission/disequilibrium test (TDT) and demonstrated its power in establishing a strong linkage between 5' franking polymorphism on chromosome 11 and the susceptibility to IDDM. Specifically, the TDT compares the frequency of the marker allele of interest transmitted from heterozygous parents to their affected children with that of non-transmitted marker allele. In contrast to the classic approaches, TDT has
The properties and success of TDT led to many useful extensions in two major directions.
First, efforts have been made to consider data beyond the parent-child trio design.
Examples include the use of sibships (Ewens and Spielman 1995) and nuclear families (Lunetta et al. 2000; Rabinowitz and Laird 2000) . The TDT has also been extended to deal with quantitative traits (Allison 1997 and Rabinowitz 1997) . Furthermore, Liu et al. (2002) proposed a unified framework for TDT when the trait distribution belongs to an exponential family.
While methods for linkage and association analysis have been well established for dichotomous and quantitative traits, there is a lack of methodological development in analyzing ordinal trait. As illustrated by Zhang et al. (2003) and Feng et al. (2004) , many human conditions, (e.g., cancer and most behavioral and psychiatric disorders) are measured on discrete, ordinal scales. An unnecessary collapse of trait levels could reduce the power in genetic analyses (Zhang et al. 2003 and Feng et al. 2004) . Although Zhang et al. (2003) and Feng et al. (2004) developed a basic framework to conduct segregation and linkage analyses for pedigree data, methods have not been developed for the association analysis of ordinal traits.
The purpose of the current study is to develop a score test statistic to detect genes that are associated with an ordinal trait when gametic disequilibrium between marker and trait loci exists. 
Method and Model
Suppose that there are n nuclear families and i s siblings in the i th family, 
be the marker data. The likelihood contributed by the i th family at locus t is the probability
of the observed marker data, given the vector i y of observed phenotypes, and given that t is the disease locus. As a standard assumption, we assume that this probability is independent among different families. In addition, as in Whittemore and Tu (2000) , we assume (a) that the trait and marker loci are closely linked such that, given the family's genotypes at a trait locus t , the family's phenotypes and marker genotypes are independent; and (b) that given i g , the traits of the family members are conditionally independent. Thus, we have
It remains to specify the distribution for the ordinal trait; namely, we assume that it follows the following proportional odds logistic model conditional on the genotype at the trait locus: 
a normally distributed quantitative trait where y is the sample average.
Simulation
Our simulation serves two purposes. First, the type I error of our score test with respect to specific nominal levels (0.05, 0.01, and 0.0001) was assessed to validate the asymptotic behavior of the test statistic in practical settings. Second, we evaluated the power of our test in comparison with other established test statistics.
Simulation Experiment Design
The data are generated as follows. First, the parents' genotypes were generated according to specified coefficients of linkage disequilibrium or haplotype frequencies as delineated in Tables 1. After the parental genotypes were generated, the offspring genotypes were generated depending on the purpose of the simulation. Under the null hypothesis, the trait is not associated with a locus linked to the marker. This will be used to assess the type I error. To evaluate the power, the trait and marker loci are 1cM apart. Finally, conditional on the trait genotype, the trait was generated by two models for different comparison purposes: (a) a non-proportional odds model was also used to generate an ordinal trait.
Because our score test was derived from a proportional odds model, we deliberately generated data from non-proportional odds to assess the robustness of our score test with respect to the proportionality assumption; and (b) a Gaussian model was used to generate a quantitative trait to evaluate the performance of O-TDT for the quantitative trait. Again, the proportionality is not assumed.
Type I Error Comparison
In Table 2 , we compare the nominal levels of type I error with those estimated empirically by the simulation in 10,000 replications when ordinal traits were generated from non-proportional odds models. For the non-proportional odds model, Table 3 delineates the penetrance distribution, namely the distribution of the ordinal trait given the genotype at the trait locus.
In Table 4 , we compare the nominal levels of type I error with those estimated empirically by the simulation in 10,000 replications when quantitative traits were generated from a Gaussian distribution. Once the quantitative traits were generated, the observed trait values are regarded as discrete and ordered quantities, and hence can be treated as ordinal numbers, allowing the use of O-TDT.
It is clear from Tables 2 and 4 that the empirical type I errors estimated from the simulation replications are numerically close to the nominal levels. On a relative scale, however, some deviations between the empirical and nominal levels of type I errors can be observed for alpha=0.0001, but given the very small size of the nominal level, such deviations are not unexpected from our 10,000 replications.
Power Comparison
Table 5 compares power of TDT and O-TDT at three significance levels when ordinal traits were generated from non-proportional odds models as described in Section 3.1. We do not compare Q-TDT with O-TDT for ordinal traits, because the ordinal scale is not numerically meaningful, and the use of the Q-TDT is not appropriate. Table 6 compares power of Q-TDT and O-TDT at three significance levels when quantitative traits were generated from the model as described in Section 3.1. Table 5 demonstrates that dichotomizing an ordinal trait can lead to a substantial loss of power. Figure 1 highlights the gain of power by O-TDT relative to the use of TDT when ordinal traits were generated from non-proportional odds models. The figure includes two choices of K (4 and 5) and two choices for the number of families (200 and 400).
Result
We now test the association between a candidate SNP and alcohol dependence. The data were from the Collaborative Study on the Genetics of Alcoholism (COGA) that was a six-center study aimed to identify susceptibility genes for alcohol dependence (Begleiter et al. 1995) . There were 143 families with 1614 individuals in the study. We focused on a particular candidate SNP, rs714697, from gene GAP43 (growth associated protein 43) in the chromosome region 3q13.1. We selected this SNP because a prior study (Saunders et al. 1995) reported that alcohol teratogenesis may be due in part to inhibition of neuronal differentiation by ethanol and that alcohol dose-dependently (0-0.5%) decreased GAP43/B50 ptotein levels by up to 92% in immature LA-N-5 cells. In addition, another study (Blennow 2004) suggested that GAP43 was associated with cerebrospinal fluid level.
The alcohol dependence measure that we analyzed was based on several diagnostic systems including DSM-III-R (Diagnostic and Statistical Manual of Mental Disorders, third edition-revised). This measure was recorded on an ordinal scale with 4 levels (pure unaffected, never drank, unaffected with some symptoms, and affected).
We applied our test for the ordinal alcohol dependence measure and founded a highly significant association (p=0.00067) between rs714697 and alcohol dependence. However, when we employed a standard TDT by dichotomizing the ordinal alcohol dependence into affected and unaffected, the p-value is 0.01. Thus, the use of the original ordinal scale reveals a much more significant association.
Discussions
It has been observed that traditional linkage studies are not as powerful as association studies for the identification of genes contributing to the risk for common, complex diseases (Risch and Merikangas 1996) . There have been growing interests in genomewide association analyses using single-nucleotide polymorphisms (SNPs). For example, Klein et al. (2005) Although we presented the O-TDT test for a diallelic marker, particularly SNP, the test can be extended for association studies to detect multiple SNPs (Hoh et al. 2001) or haplotypes ) that may affect the trait.
Given phenotypes, the marker probability is
Under the null hypothesis that 0 = β , we have
For convenience, we dropped the two irrelevant parameters in γ from now on. Therefore,
Letδ be the coefficient of linkage disequilibrium. We have Under the null hypothesis, the conditional expectation value )
The results of Rabinowitz (1997) 
